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//A’"‘“‘ Challenges in Rotation Detection

® Large aspect ratio: The Skew Intersection over Union (SkewloU) score between large

aspect ratio objects is sensitive to change in angle, as sketched in Figure.
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//A’"“‘ Challenges in Rotation Detection

® Densely arranged: As illustrated in Figure below, many objects usually appear in densely

arranged forms.
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//A“’“‘ Challenges in Rotation Detection

® Arbitrary orientations: Objects in images can appear in various orientations, which

requires the detector to have accurate direction estimation capabilities.




// ““ Our Pipeline
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//A’"““‘ Feature Misalignment

® Definition: The current
region of interest (Rol)
is not aligned with the

feature.




//A"”“ Feature Misalignment

® Definition: The current
region of interest (Rol)
is not aligned with the

feature.
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//A"M‘ Feature Refinement Module
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//A’“"“' Feature Refinement Module
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//A"“"‘ Feature Refinement Module

® The key idea of FRM is to re-
encode the position information
of the current refined bounding
box to the corresponding feature
points through pixel-wise
feature interpolation to achieve
feature  reconstruction and

alignment.

Algorithm 1 Feature Refinement Module

Input: original feature map F', the bounding box (B) and
confidence (.5) of the previous stage
Output: reconstructed feature map F’
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B’ < BoxFilter(B,S);
h,w < Shape(F), F' < ZerosLike(F);
F « Convix1(F) + Convy x5(Convsx1(F))
fori: < Otoh —1do
for j <« Otow — 1do
P « GetFivePoints(B'(1,7));
for p € Pdo
pe < Min(py,w — 1), pp < Max(p,,0);
py < Min(p,,h —1), p, < Mazx(p,,0);
F'(i,7) « F'(i,j) + BilinearInte(F,p);
end for
end for
end for
F'«+— F'+ F;
return F’




//A”"“ Inconsistency between Metric and Loss

® The evaluation metric of horizontal detection and rotation detection is dominated by

Intersection over Union (loU). However, there is an inconsistency between the metric and

regression loss

Lsmooth—ll = 0.274 Lsmooth—ll = 0.274
SkewloU = 0.333 SkewloU = 0.652



//A”“" Inconsistency between Metric and Loss

® The loU related loss is an effective regression loss function that can solve above problem.
However, the SkewloU calculation function between two rotating boxes is underivable,

which means that we cannot directly use the SkewloU as the regression loss function.
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//A’""“ Experiment

® Ablative study of each component in our method on the DOTA dataset.

FRM

approximate

Method SV LV SH mAP
BF&FR LK SkewloU loss
RetinaNet-R 64.64 71.01 68.62 62.76
RetinaNet-H 63.50 50.68 6593 62.79
R¥Det* v 65.02 6731 6731 63.52
R%Det v v 65.81 7276 70.14 66.31
R*Det’ v v 6745 7398 7027 67.66
R*Det’ v v Vv 68.04 7272 76.03 69.50




//A’"‘“‘ Experiment

® Ablation study for number of stages on DOTA.

#Stages Teststage  BR

SV

LV

SH

HA

mAP

39.25
42.72

63.50
65.81

50.68
72.76
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70.14
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45.08
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67.02
67.66




//A’""“ Experiment

® Experiments with different SkewloU functions.

Method baseline — In(SkewlolU) 1 — SkewloU | exp(l — SkewloU) — 1

RetinaNet-H ~ 62.79 NAN 65.06 (+2.27) 65.34 (+2.55)
R*Det’ 67.66 NAN 68.97 (+2.31) 69.50 (+2.84)




// ““ Experiment

® Comparison with the State-of-the-Art on DOTA.

| Method Backbone MS PL BD BR GTF SV LV SH TC BC ST SBF RA HA Sp HC  mAP
ICN (Azimi et al. 2018) ResNet101 v 8140 7430 47.70 7030 6490 67.80 70.00 90.80 79.10 7820 53.60 6290 67.00 6420 5020 68.20
RADet (Li et al. 2020) ResNeXt101 7945 7699 48.05 65.83 6546 7440 68.86 89.70 78.14 7497 4992 64.63 66.14 7T1.58 62.16 69.09
Rol-Transformer (Ding et al. 2019) ResNet101 v’ 88.64 7852 4344 7592 6881 73.68 8359 90.74 7727 8146 5839 5354 6283 5893 47.67 69.56
CAD-Net (Zhang, Lu, and Zhang 2019)  ResNetl101 87.8 824 494 735 711 635 767 909 792 733 484 609 620 670 622 699

— | Cascade-FF (Hou et al. 2020) ResNet152 899 804 517 774 682 752 756 908 788 844 623 646 577 694 50.1 71.8
£ | SCRDet (Yang et al. 2019b) ResNet101 v 8998 B80.65 52.09 6836 6836 6032 7241 9085 87.94 8686 6502 66.68 6625 6824 6521 7261
2 | FADet (Lietal. 2019) ResNet101 v 9021 7958 4549 7641 7318 6827 7956 90.83 8340 84.68 5340 6542 7417 69.69 64.86 73.28
(}E Gliding Vertex (Xu et al. 2020) ResNet101 89.64 85.00 5226 77.34 73.01 73.14 86.82 90.74 79.02 86.81 5955 7091 7294 70.86 57.32 75.02
Mask OBB (Wang et al. 2019) ResNeXt101 v 89.56 8595 5421 7290 7652 7416 85.63 89.85 83.81 8648 5489 69.64 7394 69.06 6332 7533

FFA (Fu et al. 2020) ResNet101 v 90.1 827 542 752 710 799 835 90.7 839 846 612 680 707 760 637 757
APE (Zhu, Du, and Wu 2020) ResNeXt101 89.96 83.62 5342 76.03 74.01 77.16 7945 9083 87.15 8451 67.72 6033 74.61 7T1.84 6555 75.95
CenterMap OBB (Wang et al. 2020) ResNet101 v 89.83 8441 54.60 70.25 77.66 7832 87.19 90.66 84.89 8527 5646 69.23 74.13 7T1.56 66.06 76.03
IENet (Lin, Feng, and Guan 2019) ResNet101 v 8020 6454 39.82 32.07 4971 65.01 5258 8145 44.66 7851 4654 56.73 6440 6424 36.75 57.14

v | PloU (Chen et al. 2020) DLA-34 809 69.7 241 60.2 383 644 648 909 772 704 465 37.1 571 619 640 605
f?-' P-RSDet (Zhou et al. 2020) ResNet101 v 89.02 73.65 4733 7203 7058 7371 7276 90.82 80.12 8132 5945 5787 60.79 6521 5259 69.82
& | O*-DNet (Wei et al. 2019) Hourglass104 v 89.31 82.14 4733 61.21 7132 7403 78.62 90.76 8223 8136 6093 60.17 5821 6698 61.03 71.04
} DRN (Pan et al_2020) Hourelass104 oL ROT71 __R234 4722 6410 7622 7443 R[SR4 0057 KA 18 84 R0 S765 6193 6030 6063 SR4K8 7323
% | R*Det’ (Ours) ResNet101 88.76  83.09 5091 6727 7623 8039 86.72 90.78 84.68 8324 6198 6135 6691 70.63 5394 73.79
R*Det (Ours) ResNet152 v 89.80 8377 48.11 66.77 78.76 83.27 87.84 9082 8538 8551 6567 62.68 6753 7856 72.62 7647




// ““ Experiment

® Comparison with the State-of-the-Art on HRSC2016 (left) and UCAS-AOD (right).

Method Backbone Image Size mAP (07) mAP(12) Speed
RZCNN (Jiang et al. 2017) ResNet101 ~ 800%800 73.07 79.73 5tps
RC1 & RC2 (Liu et al. 2017) VGG16 - 75.7 - -
RRPN (Ma et al. 2018) ResNet101 800800 79.08 85.64  1.5fps
R2PN (Zhang et al. 2018b) VGG16 - 79.6 - - Method mAP  Plane  Car
RetinaNet-H ResNet101 8007800 82.89 89.27 14fps YOLOV2 (Redmon and Farhadi 2017)  87.90 96.60 79.20
RRD (Liao et al. 2018) VGGl6 3842384 843 - N R-DFPN (Yang et al. 2018b) 89.20 95.90 82.50
Rol-Transformer (Ding et al. 2019) ResNet101 512%800 86.20 - 61ps . ) 9
Gliding Vertex (Xu et al. 2020) ResNet101 - 88.20 - - 52123& ((I];‘,:‘(; ::':I “;(;jll(;f' 2017) SZ'ZS g‘;‘gg 33-23
DRN (Pan et al. 2020) Hourglass104 - - 92.70 - . ‘ o ’ : o
SBD (Liu et al. 2019) ResNet50 - - 93.70 - RetinaNetH = 9547 97.34 93.60
R?Det® ResNetl0l 800800  89.14 9498  4fps ICN (Azimi et al. 2018) T e 0rn
RetinaNet-R ResNetl0l 800800  89.18 95.21 8fps —EADet{Lictal 2019 - -
ResNetl01 3007300 87.14 93.22 T8ips R*Det 96.17 9820 94.14
ResNetl01  600%600 88.97 94.61 15fps
R*Det ResNetl01  800*800 89.26 96.01 12fps
MobileNetV2  300%300 77.16 84.31  23fps
MobileNetV2  600%600 86.67 92.83  20fps
MobileNetV2  800*800 88.71 9445  16fps




//A""“‘ Thank you!

® Paper: https://arxiv.org/abs/1908.05612
® Code: https://github.com/Thinklab-SJTU/R3Det_Tensorflow

® (Contact:

® Xue Yang: yangxue-2019-sjtu@sjtu.edu.cn

® Junchi Yan: yanjunchi@sjtu.edu.cn

® Homepage of our lab:
® http://thinklab.sjtu.edu.cn/
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